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IBC estimation problem

e Given:

dynamical system
— A: unknown problem element, e.g. { Y y

time function
parameters of the dynamical system

— S known “solution” operator, e.g. { values of the time function

e Available information:
— “a priori” information
on the problem element: A € K C A
on the measurement noise: eV € B, = {e/¥ € RV : [|e!V]| < £}

— measurement information (“a posteriori” information)

yNo o= F(\) —+ e F:known “information” operator
N~ N—— N~

known data known function unknown noise
e Estimation problem:

1. find an estimation algorithm ¢ that well approximates .S ()

o (yY)=2~5(\)

2. evaluate the approximation guality
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AA problem element space * Z solution space

F information

A

Y measurement space

problem element € K
NI function of \ to be estimated
@ estimator
“noise-free” measurement information

actual measurement information

measurement noise € B,

approximation of S (\)

%

uncertainty p
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Example: parameter estimation foran ~ ARX (n,, n, ) model

Yj = D iy @ilj—i + D ity biuji+ej, j=1,0 N
: (ng + Ny )-dimensional space with elements
)‘:[al ag -+ Qp, b1 by o+ by, ]TE%T’ = TNg 1 Np

e 7 :(ng, + nyp)-dimensional space with elements z = A = Z = A
e S = ] = identity operator

e YV : (N’ — ng)-dimensional space with elements
T N
y:[yna+1 yna+2 T yN/ ] E% ) N:N,_na

yna yl una ...una‘i‘l_nb
o F(A\)=L -\ with L= . . L 5 c RN xr

= I (\) is linear in A\
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Malin sets of interest

o MUS,={y Y : ||y —yl|l <&} :Measurement Uncertainty Set

o LUSy, = ¢ (MUS,) : Estimate Uncertainty Set
— EU S depends obviously on the estimation algorithm ¢
— EBU S provides all the estimates of S () obtained by considering
all the possible measurements consistent with the overall information

o 'PS,={ e K :|ly—F ()N || < e} : Feasible Problem Element Set

o ['SS,, = S(FPS,) : Feasible Solution Set

— F'SS,, depends on the problem formulation only

— F'SS,, provides all the values of S (\) consistent with the overall information
— In case of parametric estimation, S (A) = A

|

FPS, =FSS, : Feasible Parameter Set
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A€ K C A : unknown problem element

S : known solution operator
F": known information operator
Yy : known measurement information

e € B¢ : unknown measurement noise

Measurement Uncertainty Set

MUSy={g €Y : ||y —yll < e}

Estimate Uncertainty Set :

EUS,=¢(MUS,)

Feasible Problem Element Set :

FPSy={Ae K:|ly-F\)|| <e}

Feasible Solution Set :

FSS,=S(FPS,)




% politecnico di Torino - DAUIN M. Taragna

Errors and optimality concepts

o Ey(¢) = sup [[S(A)—¢()|l= sup [[SA)—¢(y)] :localerror
AEFPS, S(A\)EFSS,

o [/ (¢) =sup E,(¢) : global error
yey

e An estimation algorithm that minimizes either of these errors is called, respectively:
— locally optimal
— globally optimal

—

ot

e Note that: local optimality

global optimality
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Classes of estimators

1. Central estimators
¢ (y) = Chebicheff center of I'S'S,, := ¢(F'SS,) € Z

is the center of the minimal ball containing 'S5,

rad(F'SS,) == sup |[c(FSS,)—z| =inf sup ||z — z|
2€F8SS, 2€Z »cFSS,

is the radius of the minimal ball containing 'S S,
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Basic IBC-SM results

CONVERGENCE CONCEPTS

e ¢ is convergent if:

hm hm Ez( ¢) =

e ¢ is globally convergent if: ¢
lim lim E(¢) =0

e—0 N—oo

i

global convergence = convergence






